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Abstract— Many day-to-day activities require the dexterous
manipulation of a redundant humanoid arm in complex 3D
environments. However, position regulation of such robot arm
systems becomes very difficult in presence of non-linear uncer-
tainties in the system. Also, perturbations exist due to various
unwanted interactions with obstacles for clumsy environments
in which obstacle avoidance is not possible, and this makes
position regulation even more difficult. This report proposes a
non-linear task-space disturbance observer by virtue of which
position regulation of such robotic systems can be achieved
in spite of such perturbations and uncertainties. Simulations
are conducted using a 7-DOF redundant robot arm system to
show the effectiveness of the proposed method. These results
are then compared with the case of a conventional mass-
damper based task-space disturbance observer to show the
enhancement in performance using the developed concept.
This proposed method is then applied to a controller which
exhibits human-like motion characteristics for reaching a
target. Arbitrary perturbations in the form of interactions
with obstacles are introduced in its path. Results show that
the robot end-effector successfully continues to move in its
path of a human-like quasi-straight trajectory even if the
joint trajectories deviated by a considerable amount due to
the perturbations. These results are also compared with that
of the unperturbed motion of the robot which further prove
the significance of the developed scheme.
I. INTRODUCTION
Humanoid robots have increasingly been used in complex
environments to make the use of such robots more feasible
in human life. One of the most important aspects in these
environments is, therefore, the dexterous manipulation of
humanoid redundant arm systems. Redundancy is almost
a prerequisite in such cases because it can be used to
manipulate objects in human environments dexterously.
However, the motion of any such redundant arm systems
is complex mainly because there is no one-to-one corre-
spondence between the task-space and joint-space of the
robot. This is because when the task-space motions are
mapped to joint-space to input the required commands to
the robots, the mapping is not unique and hence, many
solutions exist. This, however, poses an opportunity to select
a single solution out of those multiple solutions which
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satisfies some of the other possible task requirements such
as obstacle avoidance and specific motion characteristics.
Thus, several studies have been conducted to utilize this
aspect of redundancy in the manipulation of objects in
complex environments [1]-[5].
Many studies [6]-[9] attempt to control the motion of
redundant systems by segregating the motion space into
two subspaces such as the task-space motion component
and the null-space motion component and by controlling
these according to desired performance objectives. One
of the advantages of this method is that the task-space
component can be commanded to reach a desired task
objective while the null-space component can be separately
controlled for redundancy resolution in order to enhance
a specific performance criteria without affecting the task-
space objective. However, in spite of this promising method,
position regulation in complex dynamic environments full
of obstacles has not yet been completely successful mainly
because of the highly non-linear nature of uncertainties
present in the robot dynamics as well as the inability to
avoid all the obstacles in such proximity. Though model-
based uncertainty compensation techniques and model-less
disturbance observers have been used by researchers [10]-
[14], these methods have still not been able to achieve the
desired performance largely because of inaccurate models
or non-linear nature of robot dynamics.
This report hence employs a non-linear disturbance ob-
server in the task-space for position regulation of redun-
dant robot arms in spite of interactions with obstacles in
complex 3D environments wherein obstacle avoidance is
not possible. We, however, assume that no obstacles lie
directly on the trajectory of the end-effector in which case
obstacle avoidance is a must. However, obstacles may lie
very near to the trajectory and hence, the robot’s non-
terminal links might interact with the obstacles depending
on the configuration of the robot. We also assume that the
interactions with the obstacles do not affect the stability
of the robot and only changes the joint trajectory. This
assumption is quite practical for soft environments and
compliant robot arms. Henceforth, we shall refer to these
unwanted interactions as perturbations in the environment.
We have used a 7-DOF redundant robot as our simula-
tion test bed. A modified version of the Newton-Euler
Algorithm has been implemented to compute the detailed
non-linearities of the robot dynamics and to use it in the
task-space disturbance observer. Results verify the efficacy
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of our algorithm for effective position regulation in such
complex environments. In addition to this, this report also
compares these results with that of a conventional task-
space disturbance observer with a simplistic mass-damper
lumped model as the nominal model without considering
the non-linearities. Simulations are then conducted in a real-
time simulation software called RoboticsLab and the results
show the efficacy of the proposed scheme as compared to
the conventional scheme. The links to the video of the above
simulation result is provided in the Section VI.
To further prove the significance of the proposed method,
it is applied to a controller which exhibits human-like
characteristics for reaching motion. Arbitrary perturbations
are introduced in the robotic system which affect the joint
trajectories of the robot arm. However, results show that the
robot end-effector successfully continues to move along the
human-like quasi-straight trajectory for reaching its target
using the proposed scheme in spite of the perturbations.
These results are also compared to the unperturbed motion
of the robot arm which show the significance of the devel-
oped method.
II. POSITION REGULATION USING TASK-SPACE
DYNAMICS
Position regulation, generally, becomes difficult if per-
turbations are present in an environment. However, it is
possible to maintain a particular position in spite of these
perturbations in the joint space by utilizing the dynamics
of the inherent redundancy in a system. A perturbation in
an environment can be usually represented as an external
force/torque acting on the system. Hence, theoretically if
any external force applied changes only the configuration
of the internal robot joints without moving the end-effector,
accurate position regulation might be possible provided all
other non-linear uncertainties in the robotic system are well
compensated. The next sub-sections on robot dynamics will
show us as to how this can be achieved.
1) Joint-Space Dynamics: Any robot manipulator op-
erating in real environment is affected by the inertial,
coriolis, gravity, and friction effects as well as external force
influence. Therefore, the general dynamic equation of any
robot behavior can be written in joint-space in the form of
τ = M(q)q¨ + c(q, q˙) + g(q) + f(q) + τ e (1)
where M(q) denotes a symmetric, positive definite robot
inertia matrix, c(q, q˙) is the Coriolis and Centrifugal Vector,
g(q) is the gravity vector, f(q) is the friction component
and τ e is the external force acting on the manipulator joint.
The Coriolis and Centrifugal term in (1) can be factorized
as
c(q, q˙) = C(q, q˙)q˙ (2)
where C(q, q˙) holds the skew-symmetric property given
in (3) and is calculated from Christoffel symbols of the
second kind.
xT
(
M˙(q)− 2C(q, q˙)
)
x = 0, ∀x ∈ RN (3)
Hence, the resultant general dynamic equation is given
by
τ = M(q)q¨ +C(q, q˙)q˙ + g(q) + f(q) + τ e (4)
If we choose to model the redundant robot manipulator as
a simple linear mass-damper system such as Msq¨ +Bsq˙,
then the disturbance torque τd to the system is given by
(5) which will be eventually canceled by any joint-space
disturbance observer, if applied.
τd = (M(q)−Ms)q¨+(C(q, q˙)−Bs)q˙+g(q)+f(q)+τ e
(5)
Hence, as evident from (5), any disturbance observer in
joint-space cancels the external force/torque because it is
considered as a disturbance itself along with the variation
in inertial parameters, Coriolis, friction and gravity effects.
If this were to be implemented in perturbed environments,
theoretically, the robot arm will continue to hit the obstacles
subsequently after it hits those obstacles for the first time
because it will tend to come back to its original configura-
tion just before it was perturbed. Therefore, it is necessary
to come up with an alternative formulation through which
position regulation is possible and the task-space objectives
can be achieved in spite of the presence of unwanted
interactions with obstacles and non-linear uncertainties in
the system.
2) Task-Space Dynamics: An alternative can be to ex-
press the dynamics using the task-space formulation and
apply a disturbance observer in the operational space which
can cancel the disturbances in the task-space only. The
general dynamic equation of a multi degree-of-freedom
robot manipulator in the task-space can be derived from the
joint-space equation shown in (5) as given in (6) and (7) [7],
[10]. Please note that the friction effects are neglected.
f = Λ(q)x¨+ Γ(q, q˙)x˙+ η(q) + fe (6)
where
Λ(q) = J+TM MJ
+
M ,
Γ(q, q˙) = J+TM
[
C(q, q˙)−MJ+M J˙
]
J+M ,
η(q) = J+TM g(q).
(7)
and f represents the contribution of the end-effector
forces due to joint-actuation and fe represents the external
forces or the contribution of the end-effector forces due to
contact with the environment. J is the Jacobian matrix and
J+M is the Moore-Penrose pseudoinverse of the Jacobian
matrix which is weighted by the inverse of the inertia
matrix M−1. By substituting (7) in (6) and by expressing
x¨ = Jq¨ + J˙ q˙ and q˙ = J+M x˙, we have the following.
f = Λ(q)Jq¨ + J+TM C(q, q˙)q˙ + J
+T
M g + fe (8)
which can be rewritten from the relation Λ(q) =
J+TM MJ
+
M as given below.
f = J+TM (M(q)q¨ +C(q, q˙)q˙ + g(q)) + fe (9)
Therefore, if we neglect the friction forces, then from (4)
and (9), we have (10).
f = J+TM (τ − τ e) + fe (10)
Since, J+TM τ e = fe, hence,
f = J+TM τ (11)
When the above task-space command input is mapped
back to joint-space, a null-space projection component
arises in redundant manipulators and hence, the general
solution of (11) is given by (12). This is because JT is
the right pseudo-inverse of J+TM weighted by M
−1 [11].
The second term in (12) represents the required null-space
projection component.
τ = JTf +
(
I − JT (q)J+TM (q)
)
τ0 (12)
where τ0 is a vector of arbitrary torques which does
not contribute to end-effector forces and motion. Now, if
a disturbance observer is applied in the task-space, (12) is
modified to (13).
τ = JT (f − fd) +
(
I − JT (q)J+TM (q)
)
τ0 (13)
where fd is given by (14) if the nominal model of the
robot manipulator is given by M
′
sx¨+B
′
sx˙.
fd =
(
Λ(q)−M ′s
)
x¨+
(
Γ(q, q˙)−B′s
)
x˙+ η(q) + fe
(14)
Therefore, (13) becomes (15) or (16) and thus the external
torques acting on the robot-manipulator due to unwanted
interactions with obstacles, can be isolated. These can,
eventually, be cancelled by applying a non-linear task-space
disturbance observer and hence, position regulation can be
achieved in spite of such unwanted perturbations.
(
I − JT (q)J+TM (q)
)
τ0 = τ −JT
(
M
′
sx¨+B
′
sx˙
)
(15)
or
τ0 =
(
I − JT (q)J+TM (q)
)+
M
[
τ − JT
(
M
′
sx¨+B
′
sx˙
)]
(16)
Please note that the conversion from (15) to (16) might
not be possible using standard weighted pseudo-inverse
techniques as the rank of the matrix is equal to the degree
of redundancy. However, it can be achieved using Singular
Value Decomposition techniques.
Fig. 1. Model of a non-linear task-space disturbance observer with PD-
control input.
III. NON-LINEAR TASK-SPACE DISTURBANCE
OBSERVER
A disturbance observer applied in the operational
workspace or task-space is called a task-space disturbance
observer [12]. The model of a non-linear task-space dis-
turbance observer is shown as the shaded region in Fig. 1
where f is the reference force input, x is the output, ζ
is the noise input, and fd is the disturbance force. R(s)
is the actual model of the robot manipulator while RN (s)
is the non-linear nominal model. Q(s) is the low-pass Q-
filter of the disturbance observer. u is the command input
while
_
f d is the estimated disturbance from the disturbance
observer. The non-linear disturbance observer estimates the
disturbance force and nullifies its effect by adding it to the
reference force input.
The design of the low-pass filter is the most crucial
element in the disturbance observer design. The sensitivity
functions of the above disturbance observer are given by
(17) which show that if the nominal model is very accurate
such as R = RN , which is only possible if all the detailed
non-linearities are modeled, then the low-pass filter is the
only deciding factor of the performance of the disturbance
observer.
T =
QR
Q(R−RN ) +RN
S =
RN (1−Q)
Q(R−RN ) +RN
(17)
Therefore, the selection of the order of the low-pass filter
is very important. An optimal selection of the order is
very important because, if the number of integrators (1/s)
is high, the disturbance rejection property gets enhanced
for low frequencies while it results in more peaking of
the sensitivity functions [13]. Hence, we have optimally
selected a 3rd-order Q-filter as given below considering all
the above aspects [14].
Q(s) =
3τs + 1
(τs)
3
+ 3(τs)
2
+ 3(τs) + 1
(18)
The reference force input f and the disturbance force fd
are given by (6) and (14) respectively. The estimated distur-
bance force
_
f d, is computed by the non-linear disturbance
Fig. 2. A 7-DOF redundant humanoid robot arm model.
observer by using the information of the input force as well
as the output and is given in (19).
_
f d = f
(
Q(s)
1−Q(s)
)
− x
(
R−1N (s)Q(s)
1−Q(s)
)
(19)
The above estimated force is then added to cancel the
actual disturbance force effects in the task-space for the
redundant robot manipulator. Also, it is to be noted that
the above disturbance observer is applied in a decentralized
way for each of the three directions of the motion such as
X , Y , and Z axes.
IV. SYSTEM MODELING
In this report, we have considered a 7-DOF redundant
robot arm for analysis purposes as shown in Fig. 2. Let Ii
denote the inertia tensors for all the links of the robot
wherein i = 1, . . . , 7 and the diagonal elements are given
by Ixx, Iyy , and Izz which are the principal moments
of inertia. The non-diagonal elements given by Ixy, Iyz ,
and Ixz are negligible for highly symmetric construction
of links. Let `i and mi denote the link lengths and link
masses respectively. The lengths of the links as well as
the dynamic parameters such as the link inertia and mass
properties are based on rough human measurements, and
are given in Table I. All dimensions used in this report are
in S.I units.
V. SIMULATIONS
A 7-DOF robot was, at first, modeled using a CAD
software with the same parameters defined in Table I. The
robot is as shown in Fig. 2. This model was then imported to
a real-time robotic simulation software named RoboticsLab
v1.6.0. This real-time simulation software can imitate the
experimental conditions coupled with a visual feel of how
the robot behaves, which is very important, especially in our
TABLE I
ROBOT PARAMETERS
Joint Joint Joint Joint Joint Joint Joint
1 2 3 4 5 6 7
Ixx 0.004 0.012 0.013 0.006 0.006 0.001 0.001
Iyy 0.003 0.011 0.014 0.006 0.006 0.001 0.001
Izz 0.003 0.005 0.004 0.002 0.002 0.001 0.001
` 0.140 0.13 0.18 0.12 0.18 0 0.1
m 1 4 4 2.8 2.8 1.8 1.8
cases of position regulation simulations. In this simulation,
based on the actual structure of the robot, the centers
of gravity of the links are calculated. The friction and
gravity effects are included in the simulator environment.
The coulomb and viscous friction coefficient values were
taken as unity for each of the joints. Each joint actuator is
modeled as a direct drive gearless light-weight motor with
negligible motor inertia while joint sensors are attached for
position and velocity measurements respectively. The initial
conditions of the robot joints are given in (20).
q0 = (0
◦, 90◦, 90◦, −90◦, 90◦, 0◦, 90◦), q˙0 = 0. (20)
The simulation in RoboticsLab is updated with 1kHz fre-
quency.
Various simulations are conducted to verify the effective-
ness of the proposed method and the results are discussed
in detail in the next section. Two sets of simulations are
conducted. The first set assumes the nominal model of
the robot manipulator as a simple mass-damper model
in the form of RN (s) = s
(
Ms
′
s+Bs
′)
and results
are plotted to see the performance of this approach. The
second set of simulations is implemented using a detailed
non-linear dynamic model as the nominal model of the
robot manipulator in the task-space disturbance observer.
In this case, RN (s) = s (Λ(q)s+ Γ(q, q˙)). A comparison
between the two results is given in the next section which
proves the effectiveness of the proposed scheme.
VI. RESULTS AND DISCUSSION
Simulations are done using the real-time robotic simula-
tion software RoboticsLab v1.6.0 using the 7-DOF redun-
dant robot arm. The first set of simulations uses the simple
mass-damper nominal model whose parameter values in the
three axial directions are tuned appropriately and are given
by 2.5 kg and 1 kg/s respectively in the X-direction, 2.2 kg
and 0.00001 kg/s respectively in the Y and Z directions. The
cut-off frequency of the Q-filter in the disturbance observer
is taken as 20 Hz.
A Proportional-Derivative (PD) feedback controller, as
shown in Fig. 1, is then applied to the end-effector in the
cartesian coordinates of the task-space such that the control
law is given by u = (K +Bs)x+
_
fd. The resultant joint
torques from the task-space PD-control input are given by
JTu. Theoretically, if the values of K and B are tuned
properly, then external torques due to unwanted interactions
with obstacles, should not affect the robot end-effector
position regulation as per (16). For this set of simulations,
K = 4 and B = 0.001 in all the three axial directions X ,
Y , and Z.
When the simulations are run, the robot manipulator is
initially at rest in the absence of any torque/force input
as the observer cancels the inertial, coriolis, and gravity
effects. Perturbations are then deliberately introduced in
the simulation, which is run for around 0.8s, by applying
external forces to different links at different times. Results
have been plotted in Figs. 3, 4, 5, 6, and 7. The choice of
the first and fourth joints, to show the motion-profile, is
arbitrary and any other choice would show similar results
in all circumstances. The standard movement deviation of
the robot end-effector for this case is noted to be 0.006m in
the X-direction, 0.0054m in the Y-direction, and 0.0059m
in the Z-direction. These results show that it is possible to
isolate these unwanted perturbations and maintain the end-
effector position of any redundant manipulator using this
approach. However, position regulation is not so accurate
as the motion of the end-effector is not negligible using
this mass-damper lumped model.
Simulations, similar to the first set, were then conducted
to analyze the effect of choosing a detailed non-linear
dynamic nominal model of the robot manipulator in the
output of the task-space disturbance observer for position
regulation. For this set, the cut-off frequency of the Q-filter,
K, and B values are same as those of the earlier set.
The computation of the task-space inertia and coriolis
matrices are done in accordance with (7) which requires
the calculation of the derivative of the Jacobian and also
the joint-space inertia and coriolis matrices M(q) and
C(q, q˙) respectively. The computation of these matrices is
not possible with the standard Newton-Euler algorithm and
hence, a modified Newton-Euler algorithm was used [15].
The results are verified by using lagrangian formulation and
Christoffel symbols of the second kind [11]. The Jacobian
derivative was calculated according to [16]. The results of
this second set of simulations are also plotted in Figs. 3,
4, 5, 6, and 7 for comparison purposes, which show the
effectiveness of this newly developed scheme for position
regulation.
Figures 3 and 4 show the motion-profile of the first and
the fourth joints of the redundant robot arm respectively for
both the lumped model as well as the detailed non-linear
model. It can be easily noticed that the motion profile of
the first and fourth joints of the redundant robot arm for
the detailed non-linear nominal model, as a result of the
interactions with obstacles, is quite comparable to that of
the simple mass-damper model. Now, if we see Figs. 5, 6,
and 7, we can note that the end-effector motion, when the
detailed non-linear model is used, is negligible compared
to when the lumped model is used. Hence, it should be
quite effective for position regulation purposes even if
perturbations and non-linear uncertainties are present. The
Fig. 3. First joint motion using a non-linear and a mass-damper nominal
model.
Fig. 4. Fourth joint motion using a non-linear and a mass-damper nominal
model.
standard movement deviation of the robot end-effector for
the case of using the non-linear model is noted to be 0.002m
in the X-direction, 0.0015m in the Y-direction, and 0.0018m
in the Z-direction. For comparison purposes, it should be
noted that the movement of the robot end-effector has
reduced by 66.02% in the X-direction, 72.66% in the Y-
direction, and 69.40% in the Z-direction due to the use of
the non-linear nominal model. The quantitative comparison
is shown in Fig. 8.
The simulation video which shows the overall perfor-
mance of the 7-DOF Robot Arm with the Task-Space Dis-
turbance Observer in presence of external force distrubances
is uploaded in https://docs.google.com/open?
id=0B5IkR-5za8vGZEtxdFFyUXJTVFU.
Fig. 5. End-effector motion in X-axis using a non-linear and a mass-
damper nominal model.
Fig. 6. End-effector motion in Y-axis using a non-linear and a mass-
damper nominal model.
Fig. 7. End-effector motion in Z-axis using a non-linear and a mass-
damper nominal model.
VII. APPLICATION IN HUMAN-LIKE REACHING
MOVEMENTS
Previously, we had developed a new control law which
can exhibit human motion characteristics for reaching
movements [17]. This control law is modified for the 7-DOF
robotic arm system with the inclusion of the non-linear task-
space disturbance observer as given below in (21).
u = −Wf
[
KV q˙ + kFmus J
T (q)∆x
]
+
_
f d, (21)
where joint damping matrix KV is given by
KV = diag
[
C∗1 (t) C
∗
2 (t) ... C
∗
7 (t)
]
(22)
and
C∗i (t) = Ci sin (pi (‖∆x0‖ − ‖∆x‖) /2 ‖∆x0‖) . (23)
Fig. 8. Movement deviation of the robot end-effector for a non-linear
and a mass-damper model.
Fig. 9. Block diagram representation of the control law exhibiting human-
like characteristics with non-linear task-space disturbance observer.
k is the virtual spring and Fmus is a bijective joint muscle
mapping function given by
Fmus = diag
[
f∗1 (t) f
∗
2 (t) ... f
∗
7 (t)
]
(24)
and
f∗i (t) = fi cos (pi (‖∆x0‖ − ‖∆x‖) /2 ‖∆x0‖) , (25)
where fi denotes the joint muscle stiffness coefficient and
Wf = diag
[
1
τis+ 1
]
, for i = 1, . . . , 7 . (26)
As given in the modified control law shown in (21), the
control input to the joint actuators is a function of a
damping shaping term given by KV and a bijective joint
muscle mapping function given by Fmus.The damping
shaping term KV is assumed to be a diagonal matrix whose
elements are time-varying functions. The Fmus function on
the other hand, is modeled as a time-varying joint dependent
bijective muscle mapping function. ‖∆x0‖ is the norm of
the vector of initial cartesian position error while ‖∆x‖
is the norm of the vector of current cartesian position
error. This control action is then processed by a low-pass
filter matrix, as shown in (26), because muscles exhibit
inherent low-pass filter characteristics [17]. For a detailed
explanation of the control algorithm, please refer [17]. The
newly developed non-linear task-space disturbance observer
is then applied to this control law and the whole scheme is
represented as given in Fig. 9.
Additional simulations have been conducted using our
7-DOF robot arm to see if the proposed method, using
the non-linear task-space disturbance observer, can maintain
the human motion characteristics like quasi-straight line
trajectory for reaching a target point using (21) in spite of
perturbations in the environment. The results are shown in
Figs. 10, 11, 12, and 13. Firstly, the robot arm is allowed to
move towards its target normally without any perturbation.
In the second run, perturbations are introduced for the mo-
tion towards the same target. The results show that in spite
of arbitrary perturbations induced in the environment which
Fig. 10. Human-like quasi-straight line trajectory of the robot end-effector
for normal and perturbed motion.
Fig. 11. First joint trajectory of the robot arm for normal and perturbed
motion.
greatly affects the 1st, 3rd, and 5th joint trajectory when
compared to the normal trajectories as given in Figs. 11,
12, and 13 respectively, the end-effector trajectory still
shows the quasi-straight behavior and deviates negligibly
from the normal path as shown in Fig. 10. This further
proves the efficacy of our proposed algorithm and shows
its high significance in dexterous manipulation using multi-
DOF redundant robot arms.
VIII. CONCLUSION
In this report, we have developed a novel method to reg-
ulate the position of redundant robot arms against arbitrary
perturbations which might be present in 3D environments
like unwanted interactions with obstacles in clumsy environ-
ments or uncertainties in the robotic system. This method
is based on a non-linear task-space disturbance observer
Fig. 12. Third joint trajectory of the robot arm for normal and perturbed
motion.
Fig. 13. Fifth joint trajectory of the robot arm for normal and perturbed
motion.
which takes into account the detailed non-linear dynamics
of a multi-DOF redundant robotic arm system. A modified
Newton-Euler algorithm is used to compute this detailed
non-linear dynamic model. Simulations have been con-
ducted by using RoboticsLab which show the effectiveness
of this new method. The results show that this new method
can successfully regulate the position of a robot arm in spite
of arbitrary perturbations. These results are then compared
with that of a conventional mass-damper based task-space
disturbance observer which show the effectiveness of the
proposed scheme. It is seen that due to the use of the non-
linear model, there is a 66.02% decrease in the robot end-
effector movement in X-direction, 72.66% decrease in Y-
direction, and 69.40% decrease in the Z-direction in spite of
comparable perturbations to the robot arm. This method is
then applied to a controller which exhibits human-like mo-
tion characteristics for reaching motion. Results show that
even if large arbitrary perturbations in the form of unwanted
interactions with obstacles are introduced, the end-effector
successfully continues to move in the human-like quasi-
straight trajectory to reach the target even though the joint
trajectories deviated by a considerably large amount. These
results are then compared to the unperturbed motion of the
same robot arm for the same reaching target which show
that in spite of the large differences in the joint trajectories
due to these unwanted interactions, the end-effector path
remained the same; and this proves the significance of this
developed scheme.
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